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Summary: Coupling numerical models with different computational costs and fidelity levels is a promising solution for
developing efficient industrial digital twins able to process fast data streams. Such a coupling strategy between a high fidelity
but computationally intensive simulation model and its machine learning-based surrogate model in the context of the sawmill
industry had been proposed in a previous publication [1]. The strategy proposed is inspired by active learning and based on a
measure of prediction confidence. It relies, however on the assumption that the input data stream models make predictions
upon is stationary. Concept drifts are, however, frequent in an industrial context. It is, therefore, necessary to integrate into the
proposed strategy a mechanism to detect such drifts. The present article evaluates the usage of several drift detection methods
in conjunction with the previously proposed coupling strategy and highlights the issue caused by sampling bias. In particular,
it can increase the time needed to detect the drift. Four datasets are used for evaluation. The first contains sawing simulation

results, while the three others are benchmark datasets from the literature.

Keywords: Active learning, Sampling bias, Drift detection, Surrogate models.

1. Introduction

The coordination of digital models performing the
same prediction task but varying in terms of fidelity
level and computational requirement is an important
step toward the integration of digital sobriety into
operational digital twins [2]. While such twins might
integrate high-fidelity simulation models, these tend,
indeed, to be too computationally intensive to be used
online over streams of data continuously collected
from the physical twin. For example, [3] reports on the
development of an industrial boiler digital twin
integrating a multi-physics simulation model that
requires five to seven days of computation to
1164 processors. A less extreme example is given by
sawing simulators used in the forest-product industry
which may need several minutes to simulate the
sawing of a single log. This is, however, too slow for
short-term decision problems that can involve several
thousand such simulations. A common solution to
lower the computational cost of such simulation
models is to use surrogate models based on machine
learning algorithms [4]. Such surrogate models,
however, are only approximations of the original
simulation model and cannot be expected to generalize
as well, especially to scenarios never seen before. In
the context of digital twins, it, therefore, appears
necessary to retain the original simulation model to
make predictions for a selected fraction of the data
collected from the physical twin.

Such a strategy to couple a simulation model and
its surrogate by actively selecting which model to use
to predict labels for which data points collected from a
physical twin has been proposed by [1]. This strategy
is inspired by the theory of stream-based active

learning (AL) [5] which studies how to actively sample
data points from unlabeled data streams. In classic AL
settings, these data points, and only these, are labeled
and used to train ML models. The initial objective of
such AL methods is to train ML models under
restricted labeling budgets. Here, data points are
selected from a data stream based on an estimation of
a level of uncertainty in the surrogate prediction in
order to minimize the prediction error of the coupled
models. If this uncertainty level is too high, the
simulation model is used instead of the ML model.
The strategy introduced by [1], however, relies on
the assumption that the stream of data collected from
the physical twin is stationary. This assumption
ensures, in particular, that a specific simulation budget
is targeted and that the performance of the surrogate
model does not deteriorate. This assumption, however,
might not be respected in industrial contexts, due, for
example, to tool wear and changes in the
characteristics of the raw material. Detecting concept
drift in the input dataset stream would, therefore, be a
first step toward the adaptation of the surrogate model.
This article discusses the integration of such a
concept drift detection module in the strategy proposed
by [1] and evaluates several drift detection strategies
in this context. It additionally discusses and highlights
a limitation of the proposed coupling strategy, which
like many active learning-based methods causes
sampling bias. This means that the statistical
distribution of the data sampled to be labeled by the
simulation model is not representative of the real
distribution of the data [6]. It is known to cause various
problems such as complicating the comparison and
selection of ML models or undersampling important
areas of the parameter space which leads in some cases
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to poorly trained ML models. In the setting presented
in this study, it can also, in some cases, impair
drift detection.

The remainder of this article is organized as
follows. Section 2 presents the context of this study
and reviews previous works on coupling sawmill
simulation models and their surrogate models. Section
3 then overviews the literature on concept drift
detection and discusses the integration of these
methods into the coupling strategy previously
proposed by [1]. Section 4 presents experimental
results evaluating several drift detection methods and
highlights the problem caused by sampling bias.
Section 5 concludes this paper.

2. Context

Many authors have studied the usage of sawing
simulation models to support production planning and
control in the forest-product industry [7]. These
simulation models can be used to predict what set of
lumbers would be obtained from sawing a specific log.
Many authors, however, mention the important time
taken by such simulations which limits their usage to
mid and long-term production planning problems. In
order to limit the computation time of these
simulations and make possible their usage for
short-term planning problems, [8], among others,

proposed to use surrogate models of these simulators,
that is, machine learning algorithms trained on past
simulation results to perform the same prediction as
the simulation model. Such surrogate models,
however, remain only approximations of the original
model, trained on relatively few data, and cannot be
expected to generalize well to data inputs too different
from the ones used to train them.

Recently, [1] proposed to couple both the
simulation model and its surrogate model to benefit
from their respective advantages as a step toward the
development of a sawmill digital shadow able to
support operational production planning. The
objective is to decide for every data item transmitted
by a stream whether the more precise simulation model
should be used to replace the surrogate model
prediction while targeting a user-defined simulation
budget b.

The general workflow of this strategy is presented
in Fig. 1. Consider a data stream transmitting new data
items at random intervals. It is, here, modeled as a
Poisson process. Similarly, the time required by the
simulation model to predict the label of a data item is
modeled as a random variable. It is assumed that any
number of simulations can run in parallel. However, to
limit computation costs, a budget corresponding to the
average portion of data points sent to the simulator
is targeted.

Use new simulation results | Simulations model | ) Output
to periodically retrain the | prediction l Yes simulator
7 ML model | yi = Simul(X;) | 1 prediction y;
- N
Yes
Stream . - P - =3
Xi ML prediction I Evaluation of =
prediction confidence :l—l\ " = Output ML
— an(f, X;) > Qu(1— !?):[ No rediction ¥
¥i=F(Xy) m(f, X)) /.:I / N > P Yi

L 9

Digital Twin /

Fig. 1. Simplified framework of the coupling strategy proposed by [1].

For every data item X; transmitted by the stream, a
first prediction y; is made by the machine learning
model f. In this work, the machine learning models
used are random forests, due to their good
performances as sawmill simulators metamodels [7, 8].
A measure of uncertainty of the prediction is then
computed. It has to be stressed out, however, at this
stage the real label y; of X; is unavailable. The measure
of uncertainty used here is, therefore, computed as the
variance of the predictions of the trees in the forest:

B

mx,f) = L3P, (F00 - F00)

Here, B is the number of trees in the forest. The f;
are the infividual trees in the forest f. The quantile of
this measure with respect to its overall distribution is
then estimated from past values observed from the
stream and compared with the threshold 1 — b. This
ensures that, as long as the stream remains stationary,
the average portion of the stream that is sampled will
tend toward b.

This strategy, however, relies on the assumption
that the stream remains stationary to respect the
simulation budget and ensure that past simulation
results used to update the surrogate model remain
representative of the prediction task.
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3. Drift Detection

Many types of drifts have been identified in the
related literature. In particular, they can be classified
into real and virtual drift [11]. Real drift refers to the
relationship between the inputs X; and their labels y;
changing with time. Virtual concept drift refers to
changes in the statistical distribution of the inputs X;.

Drift detection methods often rely on monitoring
univariate or multivariate streams updated with new
data inputs. Different such streams can be used. Many
authors proposed methods monitoring the prediction
loss I(y;, ;). For example, [12] introduces a method
based on control charts, often use in statistical process
control, to monitor the error rate of neural networks.
Similarly, the Page-Hinckley algorithm [13] is often
used to monitor increases in these errors. Monitoring
this error stream has the advantage that alerts can be
raised only when concept drift results in a decrease in
the model performance. It can also detect both real and
virtual drift. However, it requires the obtention of the
real targets y; which, in practice, might not be obtained
immediately, if at all. Other authors such as [14]
propose to monitor the input feature stream, i.e., the
stream of the X;. More precisely, they propose a
method based on the Kolmogorov-Smirnov statistical
test between a sliding window of the stream and a fixed
reference window. These data have the advantage of
always being available. However, this stream is, more
often than not, multivariate, which increases the risk of
false alarms. Similarly, drift that does not impact the
ML model performance can be detected and trigger
useless updates of the model. In addition, purely real
drift cannot be detected. Lastly, [15], for example,
propose to use a stream composed of uncertainty
measures of the predictions made by the ML model.
More precisely, they use uncertainties associated with
the predictions of Bayesian neural networks. Once
again, this stream does not rely on the potentially
unavailable targets. Additionally [15] argue that as
long as the uncertainty measures are sufficiently
correlated with the prediction loss [(y;, ¥;), detection
will focus on drifts lowering the performance of the
ML model. However, once again, it cannot detect
purely real drifts.

These three types of streams can be monitored to
detect drift in the previously described coupling
strategy. The streams of the input features, X;, and
uncertainty measures, m(X, f), are naturally part on
the framework. The real targets y;, however, are only
available for the fraction of the inputs for which the
simulation model is used, and only after a set amount
of time corresponding to the time needed for the
simulation to run.

While any of these streams could be monitored to
detect concept drift, depending on the weight given to
their respective advantages and disadvantages, the
present article focuses on the stream of the prediction
errors. While it is only partially available, it is the only
type of stream allowing the detection of purely real

drift and checking if the drift being detected effectively
results in an increased prediction error.

4. Experiments

The performances of three drift detection
procedures are evaluated to detect purely virtual drift
from the partially measured stream of prediction
losses. The first method is the control chart method
(CC), introduced by [12]. The second is the method
based on the Kolmogorov-Smirnov test used, for
example, in [14]. This method depends on a parameter
a corresponding to the risk of the test. The value of a
used here was set to 0.01. Lastly, the Page-Hinckley
method [13] is used. This method depends on two
parameters, the so-called delta factor, and a detection
threshold. Considering the sensitivity of the method to
these parameters, whose scale might change depending
on the dataset considered, they were all fixed here as
multiple of the standard deviation o of the errors
observed on each dataset. More precisely, the delta
factor was set, here, to 0.5¢ for all experiments and the
value of the threshold h was set to 100.

2.1. Datasets

Four datasets are used for the experiments
presented in this paper.

The first dataset (SS) originates from the Canadian
forest product industry. It contains information over
2219 real wood logs, including an estimate of the set
of lumber sawed in it, simulated by the software
Optitek. This set of lumber is modeled as a vector of
integer of dimension 47 because up to 47 types of
lumber can be sawed at the modeled sawmill. Every
wood log is described by a vector of six know-how
features commonly used in the industry. These features
are the length, volume, curvature, diameters at both
extremities, and shrinking of the log.

The three other datasets are from the UCI machine
learning repository. They were selected because they
cover regression tasks based on multivariate inputs and
contain all more than 2000 points.

The first UCI dataset is the wine quality (WQ)
dataset [16]. The task associated with this dataset is the
prediction of wine qualities based on their
physicochemical properties.

The second UCI dataset is the combined cycle
power plant (CCPP) dataset [17]. Its aim is the
prediction of a power plant production based on
meteorological and physical data.

The last UCI dataset is the superconductivity data
(SD) dataset [18] whose goal is to predict the critical
temperature of superconductors based on their
chemical formula.

None of these datasets naturally contains concept
drift which allows controlling the type and time of
drifts being artificially introduced during experiments.
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Table 1. Detection rate of drift detection strategies for every dataset.

SS wQ CCPP SD
AL | RD | AL | RD | AL | RD | AL | RD

Kolmogorov- 1.0 | 1.0 | 048 | 0.88 | 0.99 | 0.98 | 0.99 | 1.0

Smirnov

Page-Hinkley | 0.87 | 0.91 | 0.54 | 0.84 | 0.99 | 0.95 | 0.97 | 0.95

Control-Chart | 0.69 | 0.81 | 1.0 | 1.0 | 0.98 | 0.99 | 1.0 | 1.0

More precisely, the datasets were used to generate
data drift composed of two stationary sections
separated by an abrupt purely virtual drift. These
streams are composed of a random ordering of the data
points paired with random inter-arrival times sampled
following an exponential law of rate 1 = 1 to
generate Poisson processes. In the second half of the
stream, the targets of all data points were permutated
at random to erase the relation between the input and
output and create a purely real drift. Since the ML
models will not be retrained during these experiments,
there is no need to keep a structural relationship
between the inputs and outputs past the drift.

2.1. Results

For every dataset and drift detection method,
streams were generated following the previously
described procedure and used as input to the coupling
strategy described in Fig. 1. In addition, the partial
error flow was used for drift detection. The time of the
first alarm raised after the time of drift, if it exists, is
considered as the time of detection. This was repeated
100 times for every dataset and drift detection method.
To highlight the effect of the sampling bias on drift
detection, this procedure was also repeated 100 more
times but replacing the measure of prediction
uncertainty used to select which samples to use the
simulation model on by a random measure, so that the
stream sampling process becomes independent of
characteristics of the data points transmitted by the
stream.

Table 2 presents the drift detection rate of every
strategy on the four datasets. The drift detection rate
corresponds, here, to the portion of the 100 streams that

lead to a drift being detected. In this table, AL refers to
the experiments using the measure of uncertainty
m(., f) to sample the stream, while RD refers to the
experiments where this measure is replaced by
randomly generated values. These rates are close to
one, except for the Page-Hinkley and control chart
detection methods on the SS dataset, and for the
Kolmogorov-Smirnov and Pages-Hinckley methods
on the WQ dataset. These two datasets are the shortest
used for evaluation and might be too short for drift to
be efficiently detected. Interestingly, however, these
low detection rates are mostly observed for the AL
stream sampling method which is a first indication that
the sampling bias lower the performances of these drift
detection methods on some datasets.

The median and interquartile range of the drift
detection times for all drift detection methods and
datasets are presented in Table 2. Medians are used due
to the high standard deviations observed during
experiments, making average estimates unstable.
These experiments show larger detection times for the
AL-based methods on the SS and WQ datasets. In
particular, one-sided Brunner-Munzel comparison
tests [19] were systematically run to evaluate the
propension of the AL-based methods detection time at
being higher than the baseline random method. These
tests show significant differences at the 5 % level for
all detection methods on the SS and WQ datatsets,
except for the control-chart-based method on the WQ
dataset. The test is also significant for the
Page-Hinkley method on the SD dataset. This
demonstrate that sampling bias can impair drift
detection. It depends greatly, however, on the dataset
and exact detection method used. The Page-Hinkley
method, however, maintains rather low detection times
even when affected by sampling bias.

Table 2. Medians and interquartile ranges of the drift detection time for every drift detection strategy and dataset.

SsS WQ CCPP SD
AL RD AL RD AL RD AL RD
I;r‘;li‘r“n‘;%"“’v' 241 (80) | 224(55) | 963(977) | 587(463) | 209(65) | 206(59) | 289 (112) 270 (71)
Page-Hinkley 90 (108) 49 (40) | 557(758) | 180 (258) 31(38) 37 (42) 74 (48) 59 (41)
Control-Chart 111(112) | 66(66) | 402(396) | 313(402) | 331(647) | 289(537) | 151(394) | 325(579)

5. Conclusion

This paper discusses the integration of a concept
drift detection module in a previously proposed
coupling strategy between a simulation model and its

ML surrogate model. Several types of streams which
can be monitored to detect drift are identified and their
advantages and disadvantages are listed. Several drift
detection methods are also tested on one of these drifts.
Results point to the strong effect of the sampling bias
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induced by the coupling strategy which tends to slow
down significantly drift detection.

Table 3. Summarized characteristics of the four datasets
used for evaluation.

Number Number of | Number of
Dataset name .

of points features outputs
Sawmill
Simulations (SS) 2219 6 47
Wine Quality

4898 11 1

WQ)
Combined Cycle
Power Plant 9568 4 1
(CCPP)
Superconductivity
Data (SD) 21263 81 1

Future works will, therefore, have to find ways to
mitigate this problem, either by investigating drift
detection methods less sensitive to sampling bias or
using statistical methods to correct the bias induced.

In addition, a single type of drift is studied here:
abrupt real drift. The impact of sampling bias on other
types of drift, and in particular of virtual drift, remain
to be studied.
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